Abstract. Global model estimates of soil carbon changes from past land-use changes remain uncertain. We develop an approach for evaluating dynamic global vegetation models (DGVMs) against existing observational meta-data on soil carbon changes following land-use change. Using the DGVM JSBACH, we perform idealized simulations where the entire globe is covered by one vegetation type, which then undergoes a land-use change to another vegetation type. We select the grid cells that represent the climatic conditions of the meta-data and compare the mean simulated soil carbon changes to the meta-data. Our simulated 5 results show model agreement with the meta-data on the direction of changes in soil carbon for some, but not all land-use changes, while the magnitude of simulated changes is smaller than in the meta-data. The conversion of crop to forest results in soil carbon gain of 10% and that of forest to crop to a loss of -15% compared to a gain of 42% and loss of -40%, respectively, in the meta-data. However, the conversion of crop to grass results in a small soil carbon loss (-4%), while the meta-data indicate a gain in soil carbon of 38%. These model deviations from the meta-data are substantially reduced by explicitly accounting 10 for crop harvesting and switching off burning in grasslands in the model. We conclude that our idealized simulation approach provides an appropriate framework for evaluating DGVMs against meta-data and that this evaluation helps to identify the causes of deviation of simulated soil carbon changes from the meta-data.
Introduction
Global model estimates of land-use-related soil carbon (soil C) changes rely on dynamic global vegetation models (DGVMs).
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To judge the reliability of DGVMs in simulating past and future changes of soil C, models have to be evaluated against observations. A range of meta-data analysis (hereafter meta-data) on soil C changes following land-use change (LUC) has been published recently, aggregating local-scale measurements to spatial scales potentially applicable to DGVMs. Here, we develop an approach for evaluating DGVMs against the meta-data and apply the approach to evaluate the DGVM JSBACH.
A major driver of soil C changes in recent centuries has been LUC. For example, the replacement of natural vegetation 20 with croplands usually leads to soil C loss while the reverse leads to a gain (Guo and Gifford, 2002) . Unlike for vegetation, soil dynamics include slower processes ranging from decadal to centennial timescales; hence the carbon response to LUC lags the changes in vegetation carbon. Soil carbon changes following LUC result from the modified vegetation productivity that influences the quantity and quality of litter. The response of soil C to LUC depends on the local conditions, such as soil type, DGVMs are used to study the effects of LUC on soil C globally. They combine information on the past vegetation distribution, climate and LUC data and incorporate various processes to quantify global changes in terrestrial carbon stocks resulting from past LUCs (e.g. Pongratz et al., 2009; Stocker et al., 2011) . In addition, by simulating climate and LUC scenarios following the representative concentration pathways, DGVMs are used to make future projections in terrestrial carbon stocks (e.g. . However, global estimates of LUC carbon fluxes by different DGVMs show a large spread (Ciais et al., 20 2013). This spread has been attributed to several factors: the different climate used in driving the DGVMs (Anav et al., 2013) , different modeling approaches of LUC (Houghton et al., 2012; Wilkenskjeld et al., 2014) , inconsistent definition of land-use fluxes (Pongratz et al., 2014) , parameterizations related to fluxes of land-use and land cover change Goll et al., 2015) and land-management processes (Houghton et al., 2012) . In a recent study, Tian et al. (2015) used the same model setup, with the same climate and LUC input data, to quantify global changes in soil C resulting from past LUCs across 25 different DGVMs. They found that these changes differ widely across the models with some models showing almost no change and others showing a large decrease in soil C. Until now, soil C changes resulting from different LUCs in DGVMs have not been compared to observational data compiled by the meta-data. This is because an approach for comparing these changes to the meta-data is still lacking and many of the meta-data have only become available relatively recently.
Our study aims at developing an approach that can be applied to any DGVM for evaluating the soil C changes following LUC 30 against the meta-data. We test the applicability of the approach using the DGVM JSBACH and identify what the comparison reveals in terms of model processes. Further, we highlight the challenges involved in comparing simulated results to the metadata and suggest what can be done to overcome these challenges. This is to our knowledge the first time that simulated soil C response to different LUCs in a DGVM are compared systematically to meta-data.
Methods

Meta-data
In this study, we use the meta-data by Poeplau et al. (2011) in the temperate regions and Don et al. (2011) for the tropical regions including 95 and 385 published studies, respectively. These meta-data are based on quality criteria such as soil type and texture of the paired plots. They harmonize the local-scale measurements by applying mass corrections to account for 5 different soil mass due to sampling the soil to different depth increments at the paired sites. Additionally, by accounting for different variables influencing the soil C response to LUC, Poeplau et al. (2011) derived generalized and specific carbon response functions (CRFs) describing the temporal evolution of soil C following LUCs for the temperate regions. Table 1 shows the LUCs represented in the two meta-data that are included in our study.
Carbon cycle model in JSBACH
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We use the DGVM JSBACH (Raddatz et al., 2007; Reick et al., 2013) , the land surface model of the Max Planck Insitute Earth System Model (Giorgetta et al., 2013) . Vegetation distribution in JSBACH is represented with 12 plant functional types (PFTs), of which 8 are natural types (4 forest types, 2 shrub types, 2 grass types (C3 and C4)), and 4 are anthropogenic types (C3 and C4 pastures and crops). The carbon cycle model in JSBACH describes the carbon allocation, the storage in the vegetation and soils, and losses through respiration and natural disturbances. For each PFT, the net primary production (NPP) is allocated 15 to three vegetation carbon pools: the "green pool" containing living tissues, the "reserve pool" containing sugar and starches and the "wood pool" containing woody material. Each of these pools has different turnover rates, influenced by a background natural mortality and foliage losses due to seasonal and climatic influences. The carbon lost from the vegetation pools via turnover goes into the soils in form of litter where it is decomposed. Following LUC, a fraction of the vegetation carbon goes into litter and the other is released directly to the atmosphere. Additionally, carbon can be lost from the vegetation and soil 20 through disturbances in the form of fire and windbreak.
Decomposition of litter in JSBACH is simulated by the YASSO model. YASSO is calibrated globally based on results from litter bag experiments (Tuomi et al., 2008 (Tuomi et al., , 2009 (Tuomi et al., , 2011 and has been evaluated on site to regional scale (Karhu et al., 2011; Thum et al., 2011; Lu et al., 2013) . Decomposition of litter is distinguished in terms of the solubility of litter in four different compounds (acid, water, ethanol and non-soluble hydrolysable pools) and a slow decomposing humus pool. Each of these pools 25 has different decomposition rates derived from the litter bag experiments. The heterotrophic respiration depends on temperature based on a Gaussian model (Tuomi et al., 2008) and on precipitation based on an exponential function (Tuomi et al., 2009 ).
Woody and non-woody litter is treated separately; the decomposition of woody litter depends on the diameter of the woody litter. YASSO shows a better correlation of present-day carbon stocks with the Harmonized World Soil Data Base compared to JSBACHs' previous soil model CBALANCE (Goll et al., 2015) . YASSO has been shown to have a lower sensitivity to some 30 uncertain model parameterizations such as the fraction of carbon lost to the atmosphere following LUC (Goll et al., 2015) . A detailed description of the implementation of YASSO can be found in Thum et al. (2011) and in Goll et al. (2015) .
Simulation setups
We perform idealized LUCs assuming grid cells with only one vegetation type. Historical JSBACH simulations as performed, e.g., for the fifth phase of the Coupled Model Intercomparison Project (Giorgetta et al., 2013) and the global carbon budget (Le Quéré et al., 2015) prescribe LUC each year in form of annual transitions. In every grid cell that contains a mixture of vegetation types, different LUCs may occur each year. For example, part of the forest in a grid cell may be converted to crop 5 and at the same time part of the grass converted to crop. In JSBACH upon LUC, the soil C of the old PFT is added to the soil C of the new PFT. Moreover, many DGVMs do not separate the soil C for the different PFTs but instead have one soil C pool for all the PFTs. Those that do distinguish soil C in the different PFTs (as JSBACH) still have a legacy history resulting from different LUCs. Our idealized simulations approach prevents the interference of soil C changes due to different LUCs applied at different times in a grid cell.
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The carbon cycle model in JSBACH can be executed as part of the entire vegetation model or as a stand-alone model isolating the actual carbon cycle simulation from the simulation of other processes, such as photosynthesis and hydrological processes.
In the stand-alone mode, the model is driven by net primary production (NPP), leaf area index (LAI), precipitation and 2 m air temperature together with the vegetation distribution. This setup has the advantage that the model can be run for centennial to millennial timescales at low computational costs. Therefore, the idealized land-use simulations can be ran for many years until 15 equilibrium is reached. The input variables used for driving the stand-alone carbon model are usually derived from a simulation with JSBACH.
To obtain the inputs for the stand-alone carbon model, we first perform idealized land-use simulations with JSBACH where the entire vegetated area of the land surface is covered by only one vegetation type, being either crop, forest, natural grass, or pasture. The distribution of the different PFTs belonging to the vegetation type (e.g., the four forest PFTs in the all forest 20 simulation) is kept at the relative distribution as prescribed by the global vegetation map from observations remapped to JSBACH PFTs (see Friedl et al. (2010) and supplementary material section S1). In each of the simulations, JSBACH is driven by observed climate from the climate research unit (CRU) for the years 2001 to 2010 (Harris et al., 2014) .
In a second step, we force the stand-alone carbon cycle model using the obtained NPP and LAI from the JSBACH idealized land-use simulations, precipitation and temperature from CRU, and the idealized vegetation distribution used in the JSBACH 25 simulations. The model is run for each of the four idealized land use cases until the soil C pools are in equilibrium. We consider the total soil C in YASSO to be in equilibrium when the relative change in soil C from one year to the next in the grid cell is less than 1%. From this equilibrium, we perform LUC in the first year for each of the LUCs represented in Table 1 with the NPP and LAI replaced with that of the new land use. We run the model again for the new land use until equilibrium is reached.
These simulations represent the standard model version results.
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Vegetation productivity as simulated by JSBACH has been shown to be higher as compared to observations (Anav et al., 2013; Todd-Brown et al., 2013) . To assess if this bias in productivity has an effect on the soil C response to LUC, we perform additional simulations where we replace the JSBACH NPP and LAI with observation-based plant productivity. For this purpose, gross primary production (GPP) obtained by extending flux net tower measurements using machine learning algorithms and LAI obtained from MODIS satellite (Tramontana et al., 2016) for the different vegetation types are remapped into JSBACH PFTs; subsequently NPP is derived from GPP (supplementary material section S1).
From the results shown below, we find that one reason for the deviation of simulated soil C response to LUC from the metadata could be the lack of explicitly accounting for crop harvest in the model. To account for the influence of crop harvesting in the model, we introduce a crop harvesting similar to what has been previously done in other DGVMs (Shevliakova et al., 5 2009; Bondeau et al., 2007; Stocker et al., 2011; Lindeskog et al., 2013) . We introduce a harvest pool for the crops that decays into the atmosphere on a timescale of one year. This is in contrast to the earlier model version, where all material harvested from crops was transferred to the litter. In the grid cells with an explicit growing season, harvesting is thereby done at the end of the growing season. In the grid cells without an explicit growing season, as occurs in the humid tropics, harvesting is done constantly throughout the year, imitating that each grid cell contains many individual fields that are harvested at different 10 points in time. 50% of what is harvested is kept in the harvest pool while the other 50% goes to litter. This choice is based on the carbon allocation in JSBACH where 50% of the crop NPP is allocated above ground and 50% below ground and is in accordance with other studies where the harvested material is taken to be the entire above-ground carbon material (Shevliakova et al., 2009; Stocker et al., 2011) .
We perform additional simulations to test the sensitivity of simulated soil C changes towards the representation of natural 15 disturbances, in particular fire. As discussed in section 4, in the standard setup of JSBACH fire affects natural grasslands but not pastures croplands. Our sensitivity simulations therefore exclude fire on natural grasslands as well. Table 2 summarizes the simulations performed in this study and the names used to represent the respective simulations.
Model-data comparison approach
The idealized LUC simulations represent soil C changes for the entire vegetated areas including regions where LUC does 20 not take place. Therefore, we need a criterion for selecting the model regions to consider in the comparison to the meta-data.
We select regions in the model based on two different criteria; climate and LUC. For the climate-criterion, we select the grid cells that fulfil the precipitation and temperature range represented by the meta-data in Table 1 . Previous studies found that the soil C response to LUC varies spatially due to many factors, among them precipitation and temperature Wei et al., 2014; Marín-Spiotta and Sharma, 2013) . Therefore, the climate-criterion excludes grid cells with different climatic 25 conditions from the meta-data, which have potentially different response to LUC. To assess if the regions obtained using the climate-criterion are representative of regions where LUC has taken place, we select grid cells based on where LUC has taken place historically (LUC-criterion). We select the grid cells where more than 10% of the vegetated area within the grid cell has undergone LUC using a present-day (2005) and a historical (1850) vegetation distribution map. The results shown in section 3 are averages over the climate-criterion-based regions. We also include a comparison of the simulated changes for these two 30 criteria.
The local-scale measurements contained in the meta-data are done at different sampling depths, with most of the measurements at the top layers, while the model simulates soil C at the depth of 100 cm. To compare the mean soil C densities in the meta-data with the simulated soil C densities, we scale the simulated soil C densities for the standard model simulation (jsbach_drvn in Table 2 ) to the upper 30 cm. We apply the depth scaling approach represented in Eq. (1) as used in Yang et al.
(2011) and Deng et al. (2014) based on Jobbágy and Jackson (2000) .
where C 100 is the soil C density at 100 cm depth, β is the relative decrease in the soil C with soil depth set to 0.9786 as in Jobbágy and Jackson (2000) , d 0 is the original measuring depth at which the measurements were done and C d0 is the soil C 5 density at the required depth (30 cm).
The comparison of soil C changes includes two variables; the relative and absolute soil C changes. We calculate the absolute soil C change by subtracting the soil C of the previous land use from the soil C of the current land use. The relative changes are then calculated with respect to the previous land use. Additionally, we use the generalized CRFs derived from the meta-data in Poeplau et al. (2011) to compare the simulated transient response with the meta-data. In this case, only the CRFs with high 10 model efficiency for the crop to grass and crop to forest LUCs are used.
The measurements for the individual observations contained in the meta-data are done at different ages following LUC.
Therefore, the observations may not be in equilibrium for the current land use. To account for this, we sample the simulated soil C changes over the ages represented in the meta-data, which makes a direct comparison of the simulated and the observed soil C changes more appropriate. In section 3 we show both the simulated equilibrium relative and absolute changes and the 15 changes obtained by sampling over the ages represented by the meta-data.
Results
Soil carbon densities for previous and current land use
Before comparing the simulated changes in soil C against the meta-data in the next section, we present an assessment of the soil C densities prior to LUC. For this we compare the mean soil C densities in the meta-data to the soil C densities for different for the forests in the meta-data (Table 3) for the undisturbed forest in Houghton et al. (1983) , but much higher than the 9.62 kgC m . A key reason for the lower carbon densities is the limited sampling of only the top-soil in the sites of the meta-data (Table 1) , while the soil C densities for the different ecosystems in Houghton et al. (1983) and Watson et al. (2000) are up to a depth of 1 m. The simulated soil C densities for the standard model simulation scaled to the upper 30 cm, leads to lower carbon densities compared to the meta-data particularly for forests and grasses (Table 3) . The soil C densities in Table 4 obtained at the model simulation depth are much higher compared to the meta-data. The lower carbon densities in the meta-data are again due to sampling only the top soils. Moreover, the model is in equilibrium for each of the considered land use while the local-scale measurements are done at different times. The average soil C densities for the previous land use in the jsbach_drvn simulation are higher than in the obs_drvn simulation for all the LUCs (Table 4 ).
The higher soil C densities result from the generally higher NPP in the jsbach_drvn simulation compared to the obs_drvn sim-5 ulation (Table 5 ), which in turn leads to higher litter fluxes (Table 6 ). Accounting for crop harvesting in the jsbach_drvn_harv simulations decreases the litter fluxes (Table 6 ), which significantly decreases the equilibrium soil C densities. By explicitly accounting for crop harvest in the model the soil C densities for croplands decrease by about 16-24% for the considered regions.
Simulated changes in soil C for the different land-use changes
Figures 1 and 2 show an increase and decrease in soil C following conversion of crop to forest and forest to crop, respectively,
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for both the jsbach_drvn and the obs_drvn simulations, consistent with the meta-data. In the model this change stems from the higher average productivity in forests compared to croplands for both simulations (Table 5) , which leads to higher litter fluxes (Table 6 ). In addition, woody material in forests decomposes slowly compared to leaf material from croplands. The conversion of crop to grass results in a decrease in soil C while the reverse leads to a gain in both of these simulations, which is inconsistent with the meta-data ( Figs. 1 and 2 ). This is despite the grass NPP being similar or slightly higher than the crop
15
NPP and their litter fluxes not differing much (Table 5 and 6). We suspect the reason for this deviation of simulated soil C changes from the meta-data to be related to the litter fluxes or processes other than soil decomposition leading to soil C losses, because of observational constraints on the other parts of the carbon cycle: soil decomposition rates in YASSO are calibrated against a wealth of measurements, and the simulations driven by observation-based plant productivity result qualitatively in the same deviation as the JSBACH-driven ones. The deviation may stem from an overestimate of crop relative to grassland 20 litter fluxes, or from an overestimate in the model of non-respiratory processes for grass. Although crop and grass have the same decomposition rates in YASSO, burning in grasslands leads to the loss of more litter carbon to the atmosphere. This results in shorter turnover time for grasslands (Table 7 ). In the jsbach_drvn_nofire simulation, switching off disturbances in grasslands leads to model agreement with the meta-data on the direction of soil C change ( Figs. 1 and 2 ). The inclusion of crop harvesting in the model reduces the litter fluxes for crops (Table 6 ) and significantly increases the simulated soil C changes for Although the simulated equilibrium relative and absolute changes for the conversion of temperate crop to forest and vice versa are larger than in the meta-data (Fig. 1) , the current land use in the meta-data may not be in equilibrium. Sampling over the ages represented by the meta-data results in relative changes of about 10% for the jsbach_drvn simulation and 25% for the obs_drvn simulation for the crop to forest conversion (Fig. 2a) . These values are lower compared to the 40% relative changes 30 in the considered meta-data and the 53% in Guo and Gifford (2002) . For the forest to crop, the relative changes are about -15%
for the jsbach_drvn and obs_drvn simulations compared to the -42% in the meta-data (Fig 2a) . In both of these simulations, the relative changes following the conversion of crop to grass and vice versa are relatively small (Fig. 2a) . Despite meta-data showing an increase of about 8% for a tropical forest to pasture conversion (Guo and Gifford, 2002; Don et al., 2011) , our model results indicate a decrease of about -15%. In addition, the absolute changes are smaller compared to the meta-data for all LUCs (Fig. 2b) .
Accounting for crop harvesting leads to larger relative and absolute changes in the model. The crop to forest LUC results in an increase of 42%, while the forest to crop results in a decrease of -22%. In line with the meta-data, the crop to grass LUC results in an increase of 13%, while the grass to crop results in a decrease of -6% (Fig. 2a) . Although these changes 5 are still often smaller than the meta-data, they are within the standard deviation represented in the meta-data for most of the LUCs (Fig. 2) . Comparing the transient response with the generalized CRFs from Poeplau et al. (2011) and the individual observation points for the crop to grass and crop to forest LUCs, we find that accounting for crop harvesting leads to a stronger soil C response to afforestation in the model and a gain in soil C for the crop to grass conversion, in accordance with the meta-data (Fig. 3 ).
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The with slight differences in the magnitudes of the relative and absolute changes (Fig. 4) . been highlighted by recent studies (Levis et al., 2014; Pugh et al., 2015) . In particular, Pugh et al. (2015) showed that the inclusion of tillage, grazing and crop harvesting in the LPJ-GUESS model increases the historical land-use carbon emissions.
The increased emissions result from the reduced carbon inputs to the soil by removal of harvested material off-field and increased turnover rates via tillage. Our results show that lack of explicitly accounting for crop harvesting does not only lead to underestimation of soil C changes following the conversion of crop to forest and vice versa, but it also contributes to the wrong 25 direction of change for the crop to grass LUC ( Figs. 1 and 2 ). Figure 3 shows that accounting for crop harvesting in JSBACH improves the temporal response of soil C to the conversion of crop to grass and crop to forest.
We note that our model does not represent other crop management practices. For example, tillage in croplands leads to the exposure of mineral surfaces that are often inaccessible to decomposition causing more soil C loss (Post and Kwon, 2000) .
However, Pugh et al. (2015) showed that accounting for crop harvesting had larger effects on the historical carbon emissions hence increasing soil C inputs, and compensating effects by enhancing decomposition by activating microbes (Russell et al., 2009 ).
Accounting for fire
DGVMs include process representation of vegetation fires to account for the annual emissions of carbon resulting from fires and to allow dynamical shifts in vegetation distribution. However, the choice of which vegetation type burns varies across different DGVMs. Earlier representations of fire in DGVMs accounted for burning only for natural vegetation types (e.g., Kloster et al., 2010; Reick et al., 2013) , while recent studies included burning in pastures (e.g., Lasslop et al., 2014) and croplands (e.g., Li et al., 2013) . Remote sensing data show that the burned area for different vegetation types varies across different regions.
For example, Giglio et al. (2013) showed that while crops contribute to more than 50% of the burned area in Europe and
Middle East, grasslands contribute to more than 50% of the burned area in Central Asia. Our model accounts for burning 10 only in natural vegetation types. We perform sensitivity simulations where grasslands are treated the same as croplands by neglecting burning in grasslands in the standard model simulation (jsbach_drvn, which does not account for crop harvesting).
The sensitivity simulations show a direction of change that is in accordance with the meta-data for crop to grass and grass to crop. (Figs. 1 and 2 ). In the simulations accounting for crop harvesting (jsbach_drvn_harv), neglecting burning in grasslands would lead to even larger relative and absolute changes for the crop to grass and grass to crop LUCs. This shows that DGVMs 15 assumptions on which vegetation types burn plays a major role on the soil C response to LUC. However, it remains unclear if the meta-data represent regularly burned regions or not. Establishing observational evidence for the sensitivity of soil C changes for a given land use towards frequency and intensity of fire events, similar to how meta-data show the sensitivity of responses to factors like precipitation, temperature or soil texture, would allow to evaluate the relevance of this process as currently represented in DGVMs. 
Conversion of forests to managed grasslands
Meta-data have shown that the conversion of forest to pasture in the tropics leads to negligible changes in the soil C and in some cases an increase (Guo and Gifford, 2002; Don et al., 2011) . For the temperate regions, the conversion of grassland to forest increased soil C when the forest floor was included, while without forest floor a decrease in soil C was observed (Poeplau et al., 2011) . We find that in the model the conversion of forest to pasture for the tropics leads to a decline in soil C comparable 25 to that of converting forest to crop (Fig. 1) . This is associated with larger NPP for forests compared to pastures, which leads to larger litter fluxes (Table 5 and 6). Our comparison does not include conversions between forest and grass in the temperate regions, the smaller change for grass to crop as compared to forest to crop suggests, however, also here a simulated loss of carbon for the forest to grassland LUC. Schulze et al. (2010) in their review of the European carbon balance found that grasslands store more carbon compared 30 to forests. They attribute this to the higher below-ground allocation for grasslands compared to forests, annual root turnover and possibly nitrogen fixation. Our model does not explicitly represent the potentially deep rooting of grasses, which likely contributes to the disagreement in sign of change for the tropical forest to pasture transition and the weaker simulated response for the temperate grass to crop transition. The latter may further be explained by our simulations not capturing the differences in productivity of grasslands compared to forests and cropland found accross various eddy covariance sites in Europe (Schulze et al., 2010) . Schulze et al. (2010) found generally larger NPP for grasslands and croplands, while the simulated results shows on average higher productivity for forests for the considered temperate regions (Table 5 ). regions where LUC has taken place historically, although the latter may not be representative of whole-ecosystem averages (see Pongratz et al. (2011) ).
Sensitivity of results to grid cell selections
Even though meta-data may have biases towards regions of similar soil and climate conditions (Powers et al., 2011) , the meta-data still show a larger variability compared to our simulations results as indicated by the usually substantially larger standard deviation in the observational data (Fig. 2) . This can be explained by the lack of DGVMs in representing the spatial DGVMs at the scales they are meant for, e.g., providing estimates relevant for the global carbon budget (Le Quéré et al., 2015) .
Challenges in model-data comparison 4.2.1 Sampling at different times following land-use change
The local-scale measurements constituting the meta-data are taken at different times after LUC; hence the current land use is 25 often not in equilibrium. Yet often sites at different stages of disequilibrium are included in average responses, which have been subsequently interpreted in modeling studies as indication for the observation-based evidence of effects of historical land-use change on equilibrium soil C stock changes (Pongratz et al., 2009; Reick et al., 2010; Stocker et al., 2011) . Idealized simulations such as presented here can account for this transience in soil C response by sampling over the same ages as represented by the meta-data. Due to the larger availability of sites that have recently undergone LUC, averaging over all available sites of different 30 ages in the meta-data has a strong bias towards smaller soil C changes than would be expected in equilibrium. In our model, this bias becomes apparent in the smaller relative and absolute changes compared to the equilibrium changes ( Figs. 1 and 2 ).
The bias can be quantified in our simulations and amounts to about 20-40% of the equilibrium response that is captured by an average across the simulations accounting for crop harvest (supplementary material Table S4 ). Therefore, parametrization and evaluation of DGVMs using meta-data needs to account for the transient state of the mean soil C changes for the different LUCs represented in the meta-data.
Different soil sampling depths 5
Soil carbon models used in DGVMs typically simulate soil processes up to a depth of 1 m and are meant to capture the complete soil C stock changes after LUC. By contrast, some of the observations, in particular in the tropics, covered only a shallow sampling depth (Table 1) . Analysis of the depth-dependence of observed soil C changes revealed that most of the change occurs in the top soil (0-30 cm depth) (Poeplau and Don, 2013) , in line with the fact that in most ecosystems the majority of soil C is stored in the upper layers with around 1520 Pg C, which is more than 56% of the total soil C globally, in However, previous studies have shown that the amount of soil C varies with depth differently in different ecosystems. For example, Jobbágy and Jackson (2000) found that 42% of the total soil C in grasslands is stored in the upper 20 cm while for forests 50% of the carbon is in the upper 20 cm. Guo and Gifford (2002) argued that while forests have high above-ground inputs in the top layers, tree roots are less important sources of organic matter because much of the tree root systems lives for 20 many years. On the other hand, the annual root turnover in grasslands contributes to larger soil C storage in deeper depths.
Therefore also the changes of soil C vary with depth differently for different LUCs. Poeplau and Don (2013) , using several local scale measurements, found that 91% of the total soil C change occurs in the top soil following afforestation, while 65%
of the change occurs in the top soil following the conversion of crop to grass. In line with this, DGVMs may need to consider including vertically resolved soil profiles to represent the distribution of soil C with depth across different ecosystems, to 25 represent that different types of LUCs act differently depending on the sampled depth and to be better comparable with metadata. Conversely, to capture the full impacts of LUC on soil C as relevant for carbon budgeting and to allow a direct comparison to DGVMs, local-scale measurements need to consider a deeper sampling of the soil profile.
Relative versus absolute changes comparison
In our comparison, we have foremost focused on relative changes in soil C rather than absolute ones. This is the preferred 30 variable in the meta-data because spatial heterogeneity partly cancels in relative terms when two sites in close proximity are compared to each other, as done in chronosequences. Only relative changes allow for deriving robust carbon response functions (Poeplau et al., 2011) . However, because DGVMs are unaffected by small-scale spatial heterogeneity, their estimates Biogeosciences Discuss., doi :10.5194/bg-2016-161, 2016 Manuscript under review for journal Biogeosciences Published: 16 June 2016 c Author(s) 2016. CC-BY 3.0 License.
of absolute changes are expected to be more robust than those of meta-data and therefore better representative for global carbon responses. After successful evaluation against relative changes, DGVMs can therefore be used to assess large-scale soil C changes in the absolute terms that are relevant for carbon budget estimates. In the jsbach_drvn_harv simulation, the equilibrium changes indicate a decrease in soil C of about 11 kgC m −2 and 3 kgC m −2 for forest to crop and grass to crop, respectively, in the temperate region. The decrease for forest to crop in the tropics is about 9 kgC m −2 (Fig. 1b) . The reverse
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LUCs result in soil C increase of about the same magnitude.
Conclusions
Our comparison used a typical DGVM, JSBACH, which has been applied in a range of model intercomparison projects (e.g. Le Quéré et al., 2015) . It revealed successful representation of some, but not of all LUCs. The comparison supports previous studies that found that inclusion of crop harvesting is a crucial component in DGVMs to accurately represent 10 soil carbon losses with agricultural expansion and historical land-use emissions (Stocker et al., 2011; Pugh et al., 2015) .
Additionally, we find that natural disturbances by fire, which are not well documented in the meta-data, may substantially influence the soil carbon response to LUC simulated by models.
Challenges for this comparison remain. First, meta-data cover many observations where the current land use may not be in equilibrium; hence the mean relative changes in the meta-data represent a transient response. Idealized LUC simulations can 15 account for this by sampling over the ages represented by the meta-data. Second, the meta-data include local-scale observations that are done at different sampling depths. Ultimately this challenge can be overcome only by deeper sampling in observational data or by DGVMs considering in the future including a vertically resolved soil profile.
Despite such challenges, our study shows that the use of the meta-data on soil carbon changes following LUC offers the opportunity for evaluation and improvement of DGVMs. We developed a systematic approach that is applicable to any DGVM 20 for comparing simulated soil carbon changes due to different LUCs using the meta-data. Extending this comparison to other DGVMs or to model intercomparison projects would not only provide an observational reference for validation, but also help investigate across a larger range of processes the key influences on models' sensitivity to LUC.
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